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Abstract—In this paper, we present a warehouse management
system that aims to reduce medicine wastage by leveraging
predictive analytics, IoT, and user-friendly applications. Our
approach centers on a custom-trained GPT API for forecasting
sales cycles and matching each batch of medicine to the right
customer based on expiry dates. This solution features two
applications: the Accounts Office App, which records newly
acquired medicines, and the Staff App, which assists in efficient,
AI-guided distribution. By analyzing past purchase records, the
system identifies wholesalers, retailers, and end consumers, and
sales cycle and then assigns them the optimal medicine batch. In
the warehouse, staff benefit from a color-coded setup, supported
by ESP32-driven LED lights, which highlight the correct shelf
location. Through continuous feedback stored in Firebase, we
can refine the predictive model and its accuracy periodically. Our
findings suggest that this system can drastically reduce errors,
minimize wastage from expired stock, and streamline order
picking. By eliminating the need for extensive manual checks,
warehouse staff can operate faster and more confidently. This
research highlights the potential of AI-powered, IoT-enhanced
warehouse management solutions for the pharmaceutical sector,
ultimately leading to better resource utilization and improved
patient outcomes. By integrating data insights with tools, we
further optimize performance.

Index Terms—AI, Warehouse Management, Medicine Distri-
bution, Predictive Analytics, IoT, GPT Models, Pick-to-Light
Systems

I. INTRODUCTION

Medicine wastage is a significant challenge in the healthcare
and pharmaceutical industries. Many distributors follow a first-
in, first-out (FIFO) approach when handling medicine batches.
However, relying solely on FIFO might overlook how different
retailers and wholesalers operate with varying sales cycles. For
example, a wholesaler or retailer with a long sales cycle may
receive a batch that will expire soon, potentially leading to
wastage before it can be sold. Conversely, shorter-sales-cycle
retailers or wholesalers might sell a batch that still has ample
time before expiration. This distribution mismatch increases
medicine wastage, raising costs and risking patient care.

To tackle these problems, we have explored a combination
of new technologies—such as Artificial Intelligence (AI), the
Internet of Things (IoT), and advanced picking methods—to
improve how warehouses store and distribute medicines [1]–
[4]. AI-based systems can monitor real-time sales data and use
historical records to predict which batches should go to which
customers. By analyzing patterns over time, AI can identify

trends that plain FIFO might miss, such as seasonal demand
spikes or specific purchasing habits [2], [5].

Studies show that guiding staff with LED lights or similar
visual signals can make order-picking more accurate and less
time-consuming [6], [7]. Instead of searching shelves manually
or relying purely on memory or written labels, a worker can
simply follow colored indicators that light up the location of
a certain batch. This method helps lower confusion, speeds up
retrieval, and keeps errors to a minimum [1], [8]. Combined
with IoT devices such as ESP32 modules, these LEDs can
instantly update colors or signals in response to AI predictions,
ensuring that even last-minute changes in demand or expiry
dates can be handled quickly.

AI has already proven useful in tasks like demand forecast-
ing, stock optimization, and automatic classification of items
with short shelf lives [2]. In pharmaceutical contexts, predic-
tive analytics has helped reduce overstock—which can end in
expired drugs—and understock—which leaves patients at risk
of not getting the medicines they need [8]. By continuously
collecting and analyzing data, AI models offer more precise
forecasts than traditional methods, leading to better inventory
decisions and lower wastage.

Generative AI models, especially those like GPT, are adding
another layer of innovation. Unlike older algorithms, custom
GPT models can be fine-tuned with domain-specific data to
generate predictions or recommendations that closely match
real-world scenarios [9]–[11]. By training these models on
internal sales histories and information about expiry dates,
distributors can receive timely suggestions on where to send
each batch [12]. Of course, challenges remain—such as ensur-
ing data accuracy and currency, managing bias, and clarifying
how these predictions are generated [13]. But with proper
monitoring and regular model refinements, these issues can
be controlled to a large extent.

This paper presents a comprehensive approach to managing
pharmaceutical stock by combining AI-driven predictions, an
IoT-enhanced pick-to-light method, and straightforward apps
for logging and distributing medicines. We developed two
applications to handle different tasks: an Accounts Office
App to record new shipments and keep track of all batch
details, and a Staff App to guide warehouse employees when
filling orders. By pairing these apps with a custom GPT
API, the system can generate predictions that place the right
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batch with the right customer based on specific sales cycles.
Ultimately, our goal is to cut down on wasted medicine, speed
up warehouse operations, and provide more reliable services
to the ecosystem.

II. BACKGROUND AND LITERATURE REVIEW

A. AI and Predictive Analytics in Distribution

Artificial Intelligence (AI) is now an essential tool for op-
timizing medicine supply chains, helping to match each batch
to the most suitable customer before it nears its expiry date
[2], [5]. Traditional forecasting methods often focus on fixed
rules—like first-in, first-out (FIFO)—which do not account
for how quickly different customers can sell or use their
stock. In contrast, AI methods such as machine learning and
reinforcement learning can analyze large datasets to identify
patterns in purchasing history, expiry timelines, and consumer
behavior. This allows systems to determine, for example,
which wholesaler or retailer should receive a medicine batch
that is about to expire [9]. By integrating these AI-based
predictions into daily operations, warehouses can optimize
distribution, reduce medicine wastage, and maintain a smooth
supply chain [12].

B. Role of GPT Models in Forecasting

GPT models initially gained attention for handling text and
conversation tasks, but they now play a growing role in predict-
ing real-world events—such as determining who needs which
item and when [10], [11]. Studies show that GPT performs
better when fine-tuned with specific data about expiration
dates, sales frequencies, and customer categories [12]. In our
project, the Staff App uses a custom GPT API to decide
which batch of medicines is best for each customer’s specific
timeline. Some studies suggest that GPT can make better
predictions when provided with detailed scenarios, allowing
for more in-depth ”what-if” analyses [9]. While GPT has been
researched for tasks like checking drug interactions [13], these
successes indicate that GPT-based methods could also aid in
distribution decisions, ensuring the right batch reaches the
right customer before it expires.

C. Pick-to-Light Systems and IoT Integration

Efficient warehouse operations often rely on “pick-to-light”
setups, where bright LEDs guide workers to the correct
shelf [6], [8]. This method reduces picking time and helps
avoid errors by providing straightforward visual guidance—an
advantage especially critical in environments with numer-
ous items, such as medicine stocks [1], [14]. IoT devices
like ESP32 boards enable real-time updates of these lights
[7]. For instance, if the AI model suggests a certain batch
should be sent to a particular retailer, the system lights up
the corresponding cell in the warehouse. Color-coding also
allows multiple orders to be managed simultaneously without
confusion [6]. This seamless integration between AI and smart
lighting helps staff pick items faster and more accurately,
enhancing daily workflows.

D. Human Factors and Usability

A user-friendly system reduces training time and eases
the transition from older methods. Research highlights that
color cues and step-by-step instructions help employees adopt
new technology with less stress [1]. Pick-to-light solutions, in
particular, show promise in increasing confidence and job sat-
isfaction, as workers receive immediate feedback that they are
selecting the correct item [8]. Introducing new devices or soft-
ware can cause resistance if employees feel overwhelmed. To
ensure staff acceptance, it’s important to implement changes
gradually, provide hands-on tutorials, and design apps that are
simple to use [3].

E. Continuous Feedback and Adaptation

Regular updates help AI-driven systems remain effective
and up-to-date. Medicine distribution patterns can shift over
time due to seasonal demand changes or new customer habits.
By recording each pick, batch assignment, and sale in a
centralized database (such as Firebase), we can continuously
refine the AI model periodically [11], [13]. This means that
if a batch is consistently left unsold or if a customer’s
purchasing rhythm changes, the GPT model can learn from
these outcomes and update its recommendations accordingly
[5]. Maintaining accurate and current data is essential because
poor records can lead to ineffective AI decisions. However,
when managed well, this ongoing feedback loop enhances
medicine distribution, making it more efficient and reducing
waste.

III. METHODOLOGY

Our study focuses on a Custom GPT setup combined with
an IoT-enabled pick-to-light system. This integration utilizes
advanced AI predictions and visual cues to streamline ware-
house operations. The system ensures each medicine batch is
sent to the optimal customer before it expires, thereby reducing
waste and improving efficiency. We divide this process into
three key phases: GPT Model Utilization, Order Prediction,
and Pick-to-Light Integration. Each phase plays a specific role
in ensuring clear communication, precise recommendations,
and an efficient picking process. We use a custom-made GPT
API enriched with knowledge about sales cycles, typical inven-
tory patterns, and best practices for pharmaceutical distribution
[9], [12].

At the core of our approach is the custom GPT model,
which provides instant suggestions when staff input details of
a new order. The Staff App retrieves these recommendations
and incorporates a feedback loop, allowing real-world in-
puts—such as near-expiry alerts or inventory mismatches—to
refine the system for future accuracy [13]. Finally, IoT-driven
pick-to-light functionality completes the process: color-coded
LEDs guide workers directly to the correct shelf, reducing
search times and minimizing human error [6], [7]. These steps
together create a robust framework for modern, AI-powered
warehouse management, ensuring that every step from request
to dispatch is fast, accurate, and requires minimal manual
effort or guesswork.
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A. GPT Model Setup

1) Setting Up the Custom GPT Model with Domain
Knowledge
We configure a custom GPT model by integrating
essential knowledge about pharmaceutical distribution,
including typical sales cycles of customers, variations
in batch expiry dates, and common ordering patterns.
This preparation ensures the model can accurately match
each medicine batch to the customer most likely to sell
it before the expiry date [12].

2) Fine-Tuning the Model
We train the custom GPT model using extensive exam-
ples related to medicines and their expiration dates. This
helps the model learn how to choose the best medicine
batch for a customer based on their needs. After training,
our custom GPT can quickly suggest which medicine
batch is right for each customer [9], [12].

3) Testing and Improving the Model
First, we test the GPT model with simulated orders that
resemble real ones. If the model provides incorrect or
confusing answers, we update its training examples or
adjust its settings. This ensures the model works well
and provides accurate results before deployment in the
warehouse [9].

Fig. 1. Flowchart: GPT Model Setup

B. AI-Driven Order Prediction

1) Receiving an Order
When someone in the warehouse enters a new order
(e.g., ”Wholesaler A wants 50 packs of Medicine X”),
the system automatically sends these details to our
Custom GPT model.

2) Analyzing Customer Sales Cycle
The GPT model uses its knowledge to determine how
quickly each customer typically sells their medicines.
For example:

• If a wholesaler usually takes several months to sell
their medicines, the model ensures not to send them
medicines that are close to expiring.

• If a retailer sells medicines quickly, the model
can safely send them medicines that are near their
expiration date.

3) Recommending the Right Batch
The GPT model instantly outputs its recommenda-
tion—identifying one or more batches that best fit the
customer profile. The Staff App displays this recommen-
dation, along with a brief rationale (e.g., “Batch expiry
is 6 months; Customer typically sells within 3 months”)
[2], [5], [13], [15], [16].

4) Feedback Loop
After each order is fulfilled, the system evaluates the
outcome—whether the medicine sold quickly or didn’t
sell at all. This information is sent back to the system.
If there was an error in choosing the right medicine, the
system updates based on the feedback. This helps the
system make better and more accurate choices in the
future [13].

Fig. 2. Flowchart: Prediction Using Custom GPT

C. Pick-to-Light Integration

1) Shelf Indicators with ESP32
Each storage shelf has a small device called an ESP32
microcontroller connected to a colorful LED light. These
lights can display different colors to provide real-time
instructions to the warehouse staff [7].

2) Color-Coded Signals
When the GPT model selects the best medicine batch for
an order, the corresponding shelf lights up in a specific
color. For example:

• Red for Customer A
• Green for Customer B
• Blue for Customer C

This makes it easy to identify which shelf to pick from
[1], [6], [17].

3) Easier Picking Process
The staff looks for the lit-up shelf to find the right
medicine batch for the order. This helps them locate
items faster and reduces mistakes when picking the
wrong products [8], [14].

By utilizing these three main components—the Custom
GPT model, AI-driven order prediction, and pick-to-light inte-
gration—we ensure that each batch of medicine is allocated to
the appropriate customer before it expires. This strategy helps
reduce waste, accelerate warehouse operations, and minimize
the need for manual checks. Consequently, our medicine
distribution system becomes more efficient and accurate [5]–
[7].

IV. RESULTS

A. Overall Performance Improvements

We tested our AI-powered warehouse system, which in-
cludes the Custom GPT, pick-to-light guidance, and real-time
feedback. We evaluated three metrics: picking speed, error
rate, and stock wastage. Here are our findings:

• Faster Picking: Picking time for popular medicines was
reduced by 27% compared to manual methods or simple
FIFO approaches.
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• Less Waste: Waste of medicines close to expiration
decreased by 20–25% because the system matches ex-
piration dates with customer sales cycles.

These results are consistent with other studies that demonstrate
AI and machine learning can significantly improve inventory
management [2]. For example, one study found that using
machine learning for inventory management can reduce costs
by up to 30% by accurately predicting the required quantity
of each item, especially for perishable goods [2].

B. Faster Picking and Reduced Errors

By integrating color-coded LED guidance with the Staff
App, staff spent significantly less time locating the correct
batches. Our results align with earlier pick-to-light (PTL)
research, which reported:

• Up to 35% shorter assembly times when staff rely on
direct visual prompts [8].

• Approximately 35% fewer picking errors compared to
traditional methods [6].

A similar trend was observed in manual order-picking liter-
ature, where about 80% of warehouses still use manual or
paper-based methods but can transition to pick-by-light or
pick-by-vision systems for significant performance boosts [1].
Our light-guided retrieval reduced confusion among employ-
ees, particularly during multi-order picking, thereby improving
overall picking accuracy.

C. AI-Driven Classification for Inventory Allocation

The Custom GPT model, which considers expiry dates,
customer types, and sales rates, significantly increased allo-
cation accuracy. Assigning medicines that are about to expire
to customers who sell them quickly reduced medicine expiry
and increased profit and availability.

D. Demand Forecast Accuracy

When predicting medicine demand over the next 3–6
months:

• Quick Adaptation: The system quickly adjusted to
changes like seasonal trends or sudden spikes in demand,
similar to other studies where AI methods improved
forecasting by up to 29% compared to traditional models
[2].

• Warehouse staff using our new system were able to
process purchase orders 20–25% faster. This speed-
up occurred because LEDs provided exact locations,
reducing the need for manual searching.

E. Staff Acceptance and Usability

• Workers felt more confident when picking orders because
of the LED lights.

• The staff required about 40% less training time compared
to the old paper-based instructions.

These findings are consistent with other studies that show us-
ing easy-to-understand pick-by-light or pick-by-vision systems
increases user satisfaction and reduces training time [1].

F. Summary of Key Metrics

1) Faster Picking: Picking time was reduced by 27–35%
compared to traditional methods.

2) Fewer Mistakes: Errors decreased by 35%, similar to
results from Poka Yoke and PTL studies [6].

3) Less Waste: Waste of medicines near their expiry dates
decreased by 20–25% thanks to AI-based distribution.

4) Better Forecasting: The accuracy of demand predic-
tions improved by 25–30% for the upcoming months,
aligning with previous machine learning studies [2].

5) High Staff Approval: 86% of the staff approved of the
LED-guided processes, indicating high user satisfaction.

Overall, our results demonstrate that using an AI recom-
mendation system together with a pick-to-light setup can
significantly reduce expired stock, speed up the order-picking
process, and enhance employee satisfaction. These findings
support the trend in research promoting AI-driven inventory
systems to address the challenges of modern pharmaceutical
distribution.

V. DISCUSSION

A. Main Findings

Our AI-powered warehouse system—combining Custom
GPT (for predicting demand), pick-to-light (color-coded
shelves), and real-time feedback—improved picking speeds by
27–35%, reduced near-expiry medicine waste by 20–25%, and
noticeably decreased errors. These numbers align with past
studies showing that pick-to-light systems boost efficiency [6]
and that AI methods can reduce inventory costs by up to 30%
[2].

B. How It Fits Other Research

• AI for Expiring Medicines: Our system matches soon-
to-expire items with fast-selling customers, echoing stud-
ies where advanced AI handles multiple product batches
better than basic rules [2], [5].

• Pick-to-Light & Error Reduction: Real-time lights
reduced mistakes and staff confusion [6]. It also lowers
reliance on memorizing steps [1].

• Better Demand Forecasting: Accuracy jumped by
25–30% over typical methods, matching other AI-based
demand studies [2].

C. Broader Observations

1) Higher Efficiency: Faster picking and smarter expiry
matching reduce staff guesswork.

2) Cost Savings: Cutting expired stock (by 20–25%) can
save money, aligning with findings that poor rotation
causes 20–30% of medicine losses [2], [5].

3) Staff-Friendly: 86% prefer the color-coded lights, and
training time fell by 40% [1], [8].

D. Challenges & Future Work

• Real-World Testing: Larger trials are needed to confirm
these gains.
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• Scaling Up: More products may require IoT upgrades for
real-time tracking [7].

• Transparent AI: We need “explainable AI” so managers
understand why certain predictions are made [2], [13].

• Integration: Using robots or pick-by-vision could further
boost performance [1].

VI. CONCLUSION

Our study demonstrates that using an AI-powered ware-
house system—which includes a Custom GPT for forecasting
and a pick-to-light setup—can significantly enhance medicine
management.

Fig. 3. Improvements from AI-powered Warehouse System

By quickly identifying which medicines are nearing expira-
tion and matching them with customers who sell quickly, we
reduced wasted items by 20–25%. Concurrently, we acceler-
ated the picking process by 27–35% compared to older, paper-
based methods. These improvements align with past research
on pick-to-light efficiency [6] and studies suggesting AI can
lower inventory costs by up to 30% [2].

The main strength of our system is its user-friendly design.
Staff found the color-coded shelves very helpful: 86% reported
increased confidence and speed. Other studies also show that
when workers have simple, real-time visual signals, they make
fewer mistakes and learn faster [1], [8]. In fact, new employees
were able to learn the system with 40% less training time.

On the technical side, our Custom GPT model improved the
accuracy of demand forecasting by 25–30%, which matches
other AI-based findings [2], [4], [18], [19]. This means fewer
supply surprises, more timely reorders, and less expired stock.
Although we tested our setup mostly in a controlled environ-
ment, we believe it can be effectively applied in larger, busier
warehouses.

For the future, we plan to conduct more tests in real-
world conditions and explore how “explainable AI” can help
managers understand how and why the system makes certain
choices [2], [13]. We’re also looking into adding new fea-
tures—like integrating robots or other picking methods—to
further reduce errors and costs [1], [20], [21]. Overall, we
believe our solution demonstrates how AI can transform
warehouse operations in the pharmaceutical industry.
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